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Engineered biosynthetic pathways have the potential
to produce high-value molecules from inexpensive
feedstocks, but a key limitation is engineering
enzymes with high activity and specificity for new
reactions. Here, we developed a method for com-
bining structure-based computational protein design
with library-based enzyme screening, in which inter-
residue correlations favored by the design are en-
coded into a defined-sequence library. We validated
this approach by engineering a glucose 6-oxidase
enzyme for use in a proposed pathway to convert
D-glucose into D-glucaric acid. The most active
variant, identified after only one round of diversifica-
tion and screening of only 10,000 wells, is approxi-
mately 400-fold more active on glucose than is the
wild-type enzyme. We anticipate that this strategy
will be broadly applicable to the discovery of new
enzymes for engineered biological pathways.INTRODUCTION
The use of biological systems as ‘‘microbial chemical factories’’
has increased significantly since the earliest days of large-scale
fermentation to produce natural products such as penicillin.
Complementing the traditional tools of metabolic engineering
(Bailey, 1991), the emerging field of synthetic biology seeks
to streamline the construction of highly productive systems
(Dueber et al., 2009). Microbial synthesis of chemicals is even
more appealing as one considers that advances in technology
now enable researchers to think beyond improving flux through
known pathways and to begin to move toward designing entirely
new biosynthetic schemes (Prather and Martin, 2008). One
recent example resulted in the synthesis of molecules that might
serve as novel biofuels (Atsumi et al., 2008; Zhang et al., 2008).
Perhaps the most daunting impediment to more widespread
de novo design and assembly of biosynthetic pathways is the
lack of natural enzymes with high activity and specificity across1306 Chemistry & Biology 17, 1306–1315, December 22, 2010 ª2010a wide range of substrates (Yoshikuni et al., 2008; Zhang et al.,
2008), combined with the challenge of engineering enzyme
specificity (Fox and Huisman, 2008; Gerlt and Babbitt, 2009).
Currently, the two main approaches to enzyme engineering
are diversity-based screening of large libraries and computa-
tional design of a few variants. Diversity-based approaches,
which aim to compensate for an incomplete understanding of
sequence-structure-function relationships by accessing large
numbers of variants (Leemhuis et al., 2009), are often hindered
by the availability of only a low- to medium-throughput screen.
On the other hand, even structure-based computation (Dambor-
sky and Brezovsky, 2009) cannot reliably design improved vari-
ants due to deficiencies in scoring and search functions applied
to active sites and catalysis, despite recent advances (Lippow
et al., 2007; Jiang et al., 2008; Rothlisberger et al., 2008; Smith
and Kortemme, 2008; Chen et al., 2009; Koder et al., 2009;
Murphy et al., 2009). The third approach to enzyme engineering
is to take advantage of both methods by designing a library
based on computational predictions (Moore and Maranas,
2004; Chica et al., 2005; Kang and Saven, 2007; Lappe et al.,
2009; Shivange et al., 2009). Thus, experimental screening
offsets the shortcomings of modeling by testing more designed
variants (e.g., 104 instead of 101–102). In other words, computa-
tional design compensates for limited screening capacity by
focusing diversity to sequences that are more likely to be func-
tional compared to random or otherwise less rationally designed
variations.
Previous studies to combine computational modeling with
library screening have treated amino acid positions indepen-
dently, neglecting pairwise and higher-order correlations (Voigt
et al., 2001; Hayes et al., 2002; Amin et al., 2004; Socolich
et al., 2005; Otey et al., 2006; Fox et al., 2007; Liao et al.,
2007; Treynor et al., 2007; Barderas et al., 2008). In some cases,
information on such correlations is absent, such as in a multiple
sequence alignment with too few sequences to detect correla-
tions above noise. In other cases, correlations are ignored
because of the difficulty of physically encoding them in a library.
In particular, using degenerate codons to create position-
specific diversity does not allow the encoding of correlations
between positions. Yet structure-based, computational protein
design can generate substantial and actionable correlated




















Figure 1. Structural Models of Enzymes
with Bound Substrate
The single asterisk marks the C-4 carbon at which
the hydroxyl is axial in galactose but equatorial in
glucose, the double asterisk marks the C-6 carbon
at which the enzyme converts the alcohol to an
aldehyde, and the triple asterisk marks the C228-
Y272 crosslink. The active-site Cu2+ is shown as
a cyan ball, and enzyme nonpolar hydrogens are
not shown for clarity. (A) Wild-type galactose
6-oxidase with docked galactose. The 12 rede-
signed positions are labeled, with five second-
shell positions (324, 333, 334, 383, and 441)
numbered in lighter gray and their side chains
not shown for clarity. (B) Model of Des3-2 with
docked glucose. Note that the clockwise twist of
glucose avoids the potential clash at C-4 with
Y495, yet distorts the planarity of the five-
membered transition state at C-6. The mutation
R330K opens up space below glucose to permit
the twist, and the mutations Q326E and Y329K
reestablish hydrogen bonds to glucose.
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Enzyme Specificity by Computational Library Designexample, two positions buried together in the protein core may
accommodate one large and one small amino acid, for two viable
sequences, but a position-independent library would encode all
four combinatorial sequences. Besides predicting a single low-
or lowest-energy protein sequence, computation can provide
thousands of low-energy sequences; if a physical library can
be focused around such predicted low-energy sequences, it
would be expected to contain a higher fraction of functional
hits than a random library not based on computational design.
Here, we developed a method to assemble high-fidelity
libraries of defined amino acid sequences that include both pre-
dicted favorable residues at specific positions and favorable
inter-residue correlations. The main advantages of our defined-
sequence libraries are that: (1) only amino acid mutations pre-
dicted from computational design are included; and (2) within
regions close enough in primary sequence to encode on a single
oligonucleotide (up to 24-position regions in the present work),
only designed amino acid combinations are included. We used
this approach to engineer the specificity of galactose 6-oxidase
to generate a novel glucose 6-oxidase enzyme for use in
a proposed biosynthetic pathway for D-glucaric acid.
D-Glucaric acid is a so-called ‘‘value-added chemical from
biomass’’ (Aden et al., 2004) that has been studied for uses
ranging from human therapeutics to materials synthesis (Walas-
zek et al., 1996; Singh and Gupta, 2007). Although D-glucaric
acid is a natural product, the elucidated mammalian route is
complex and would be difficult to reconstruct in a microbial
host. We recently synthesized D-glucaric acid in Escherichia
coli using a pathway that utilized heterologous enzymes from
three disparate sources operating on their natural substrates,
but titers remain in the low grams-per-liter range (Moon et al.,
2009). As an alternative, we designed de novo a synthetic
pathway for production of D-glucaric acid (see Figure S1 avail-
able online). The first step of this pathway requires oxidation of
the glucose C-6 hydroxyl; unfortunately, no glucose 6-oxidase
has yet been found in nature. Arnold and coworkers (Sun et al.,
2002) identified a variant of galactose 6-oxidase (M-RQW) with
activity on glucose, but improvements are needed for use in
microbial synthesis.Chemistry & Biology 17, 1306–131Transformation of galactose 6-oxidase into glucose 6-oxidase
is challenging because the wild-type enzyme exhibits greater
than 106-fold specificity for galactose over glucose, because
enzyme activity can only be screened in a medium-throughput
plate-based assay, and because there is no crystal structure of
the enzyme-substrate complex. These challenges also make it
a problem well suited for the efficient combination of computa-
tional design and library screening. Here, we designed a library
based on structure-based computational modeling, assembled
and screened the library, and characterized novel enzymes
with improved activity and specificity for glucose.
RESULTS
Computational Modeling and Library Design
Galactose was docked into the active site of galactose
6-oxidase (Figure 1A). The docked galactose makes several
hydrogen bonds to enzyme side chains without requiring protein
conformational change, and its C-6 hydroxyl is near the Cu2+ and
Y272 as required for catalysis (Wachter and Branchaud, 1996).
Twelve active-site and second-shell positions involved in
substrate recognition were simultaneously redesigned around
glucose, while preserving as wild-type all remaining positions,
including five active-site side chains crucial for the conversion
of alcohol to aldehyde (Figure 1A). The enzyme redesign protocol
was run 20,000 independent times, generating 2,379 unique
sequences with low predicted energy of the enzyme-glucose
complex. These designs were narrowed down based on criteria
including predicted favorable enzyme-glucose binding interac-
tion, enzyme stability, and electrostatic components of these
energies. Mutations that contributed to predicted improvement
of enzyme stability, but not to glucose recognition, were reverted
to wild-type.
The 12 designed positions were grouped into four assembly
regions based on proximity in primary sequence (Table 1 and
Figure 2). Within each region, we generated library diversity by
mixing synthetic oligonucleotides that encoded complete
sequences that had been scored as favorable by computational
design. This approach maintained all correlations among the5, December 22, 2010 ª2010 Elsevier Ltd All rights reserved 1307
Table 1. The Designed Library and Combinatorial Library
Designed positions 290 324 326 329 330 333 334 383 405 406 441 463 Diversity
Wild-type W D Q Y R N H C Y Q F P
Assembly regiona I II III IV
Designed amino acid combinations F D E K K N H C G T F A
W D E R K N H C H Q F D
D K Y E N H C S Q F E
D N R H N H C S R F P
D Q K Q N H C Y E F S
D Q R K N H C Y K H D
D R E S N H C Y N H P
D R R N N H C Y Q R S
D R Y K N H C Y R
D S R K N H C Y T
G R Y I N H N Y Q
S Q R D R E N Y T
S R R S N H S Y Q
Plus 35 more, totaling 48 (Table S1) S Y T
Designed library: number of combinations 2 48 14 8 10,752
Number of different amino acids by position 2 3 7 6 11 2 2 3 4 6 3 5 1.2$107
Combinatorial library: best degenerate codonb TKS RRC VRS NRS NDS MRC SAS WRC NRC VVS YDC BMW
Number of different amino acids or stop codon 4 4 9 13 18 4 4 4 8 12 6 9 1.1$1010
Total number of codons 4 4 12 16 24 4 4 4 8 18 6 12 4.9$1010
a Positions encoded on a single oligonucleotide are indicated as Assembly regions I–IV.
b R = A,G; Y = C,T; M = A,C; K = G,T; S = C,G; W = A,T; B = C,G,T; D = A,G,T; H = A,C,T; V = A,C,G; N = A,C,G,T.
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Enzyme Specificity by Computational Library Designdesign positions in that oligopeptide stretch and excluded
all non-designed amino acid combinations. For positions en-
coded by separate oligonucleotides, favorable inter-residue
correlations were not encoded in the library, but preferences
for specific side chains at specific positions were encoded.
The number of sequences selected for inclusion in each synthe-
sized region was chosen so that the overall diversity of the
designed library (23 483 143 8 = 10,752), generated by joining
the four regions combinatorially, approximately matched the
experimental screening capacity (104). Although the combinato-
rial step resulted in some full-length sequences that were not
designed computationally, the encoded single-position prefer-
ences and the encoded inter-residue correlations still greatlyX X  XX  XX
324              334
X        XX
383         406
441         463







X X  XX  XXX
X        XX X          X
AarI
AarI SalI NotI AarI XhoI AarI 473XbaI 1–280
1308 Chemistry & Biology 17, 1306–1315, December 22, 2010 ª2010focused the diversity as compared to more than 107 possible
combinations of all amino acids appearing in at least one design.
A second library was designed using best-case degenerate
codons to capture single-position diversity, without consider-
ation of pairwise or higher-order correlations from the com-
putational design. From this we created a control, combinatorial
library of theoretical diversity greater than 1010 (details in
Table S2).
Synthesis of DNA Libraries
The designed and combinatorial libraries were assembled using
the PCR-based strategy shown in Figure 2. A 643 bp region of
the galactose 6-oxidase gene that spans the 12 designedAarI
AarI
–639 HindIII
Figure 2. Diagram of Library Construction
(A) The synthesized base construct. Non-
designed positions 1–280 and 473–639 (amino
acid numbering) are separated by a stuffer, which
is excised by the type IIS restriction endonuclease
AarI and replaced by the cloned-in library. (B and
C) The designed region, 281–472, is arranged
into a series of 18 partially overlapping oligonucle-
otides for assembly by PCR. The oligonucleotides
are grouped into two initial steps, shown in (B) and
(C), with overlap in the dashed segments for
subsequent assembly into the 643 bp full-length
library. The resulting library is flanked by AarI sites
for scar-free cloning into the base construct. The
12 designed positions are grouped onto four of
the oligonucleotide segments, with the first and
last designed positions on each segment labeled
on the figure.
Elsevier Ltd All rights reserved








Combinatorial library 11,266 1 (weak) 0.009
Designed library, round 1 10,603 402 3.8
Designed library, round 2 402 Weak: 186
Medium: 155
Strong: 61 0.57
Designed library, round 3 61 Strongest: 11 0.10
Chemistry & Biology
Enzyme Specificity by Computational Library Designpositions was broken into 18 overlapping segments, four of
which contained all the variable positions. For the designed
library, each defined sequence was encoded by a separate
oligonucleotide. Prior to assembly, all oligonucleotides were an-
nealed to their reverse complement and error corrected using
the DNA-mismatch-binding protein MutS (Carr et al., 2004; Lip-
ovsek et al., 2009). After construction and cloning into the
expression vector, randomly picked clones were sequenced to
determine assembly fidelity. In the designed library: 40% of the
encoded amino acid sequences conformed to the design
exactly; 18% contained at least one non-designed combination
of designed amino acids (‘‘crossover’’); 8.8% contained a substi-
tution (a non-designed amino acid) at a design position; 9.6%
contained a substitution elsewhere in the gene; 21% contained
an insertion, deletion, or stop codon; and 2.8% lacked the insert
(Table S3). Within each assembly region, the equimolarly mixed
defined sequences did not show a significant bias (Figure S2). In
the combinatorial library: 27% conformed to the design; 7.0%
had a substitution at a non-design position; 65% contained an
insertion, deletion, or substitution to stop codon; and 0.8%
lacked insert (Table S4).Figure 3. Amino Acid Enrichment by Position during Screening of the
Each row shows one round of library screening, and bar heights represent the fr
designed positions. Asterisks denote the wild-type amino acid at each position.
to screening. (B) Three hundred eighty-two of the 402 hits from screening rou
11 hits from screening round three.
Chemistry & Biology 17, 1306–131Library Screening
Over 10,000 clones from each library were screened for glucose
6-oxidase activity in a plate-based, colorimetric assay (Fig-
ure S3). Any library member displaying a signal comparable to
or better than the M-RQW positive control (Sun et al., 2002)
was considered a hit. The combinatorial library yielded one
weak hit, whereas the designed library produced 402 hits of
equal or better signal strength (Table 2). Subsequent rounds of
screening at increased stringency narrowed the 402 hits first
to 61 strong hits, and finally to 11 strongest hits. All 402 de-
signed-library hits were sequenced: 70% encoded amino acid
sequences exactly as designed; 12% contained a crossover;
10% had a substitution at a designed position; 2.2% had a
substitution at a non-designed position; and 0.5% had a deletion
(Table S5). Of the 61 strong hits, only two contained a crossover,
and none had a substitution, insertion, or deletion. The 11 most
active clones isolated in the final round of screening all conform
to the theoretical library design, both in the identity and in the
combinations of amino acid residues (Tables 1 and 3; Figure S1).
The sequence patterns that emerged with progression of
designed-library screening are shown in Figure 3. As stringency
increased, specific design positions were clearly enriched for
particular amino acids. In the top 11 hits, five of the 12 design
positions converged to the wild-type amino acid, two positions
were predominantly wild-type, four positions were predomi-
nantly mutated (Q326, Y329, Q406, and P463), and one position
converged to a single mutation (R330K).
Characterization of Improved Glucose
6-Oxidase Variants
The wild-type galactose 6-oxidase, the previously published
variant M-RQW, and the designed-library top hits (‘‘Des3-x,’’
where x is a clone number between 1 and 12) were expressed
and purified, and specific activities were measured on bothDesigned Library
action of clones at that round with the indicated amino acid at each of the 12
(A) Two hundred forty-two randomly picked clones after DNA assembly, prior
nd one. (C) Fifty-nine of the 61 hits from screening round two. (D) The final
5, December 22, 2010 ª2010 Elsevier Ltd All rights reserved 1309
Table 3. Characterization of the Top Hits from the Designed and Combinatorial Libraries
290 324 326 329 330 333 334 383 405 406 441 463
Specific Activity (M1s1)
On Galactose On Glucose
Wild-type W D Q Y R N H C Y Q F P 34,000 ± 5,000 z0.05a
M-RQW F K T 91 ± 8 4.9 ± 0.7
Com1-1b F N D K Y N T Y A Not measured Not measured
Des3-1c E R K T A 460 ± 30 11.0 ± 0.6
Des3-2 E K K 1,100 ± 300 20. ± 3
Des3-3 E K K T A 550 ± 70 14.2 ± 1.1
Des3-4 K T S 172 ± 2 2.8 ± 0.4
Des3-5 R K 1,050 ± 150 1.8 ± 0.2
Des3-6 E R K R 870 ± 180 5.8 ± 0.6
Des3-7 E R K K 1,160 ± 40 4.8 ± 0.2
Des3-9 E R K S 210 ± 10 4.4 ± 0.4
Des3-10 F K K R 14.8 ± 0.1 5.6 ± 0.8
Des3-11 E K K T S 130 ± 30 13.0 ± 1.1
Des3-12 K N A 152 ± 6 1.25 ± 0.07
aBased on reported 100-fold improvement of M-RQW over wild-type (Sun et al., 2002).
b The lone isolate from the control, combinatorial library.
c Des3-1 and Des3-8 were found to be identical after sequencing, thus Des3-8 was excluded from the analysis.
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Enzyme Specificity by Computational Library Designgalactose and glucose (Table 3). Consistent with previous
measurements (Sun et al., 2002), M-RQW exhibits notable
activity on glucose and an approximately 400-fold decrease in
its activity on galactose, yet it remains 20-fold more active on
galactose than on glucose. Among the top hits, four enzymes
(Des3-2, Des3-3, Des3-11, and Des3-1) are at least 2-fold
more active on glucose than M-RQW, and two enzymes (Des3-
10 and Des3-11) are at least 2-fold more specific for glucose
than M-RQW. Des3-2 is 4-fold more active than M-RQW and
is, to our knowledge, the most active glucose 6-oxidase identi-
fied to date. A structural model of Des3-2 with glucose is shown
in Figure 1B. The top three variants (Des3-2, Des3-3, and
Des3-11) all contain, and are the only characterized enzymes
that contain, mutations Q326E, Y329K, and R330K, whereas
Des3-1 contains the mutation Y329R. Des3-10, which is as
active on glucose as is M-RQW, is 7-fold more specific than
M-RQW due to its decreased activity on galactose, and is only
2.5-fold more active on galactose than on glucose.
We found that the enzymes with the W290Fmutation (M-RQW
and Des3-10) show significant lag times during catalysis (Fig-
ure S4). For these mutants, the maximal rate, rather than the
initial rate, was used to calculate the specific activity. As a result,
the 4-fold improvement that we report for Des3-2 overM-RQW is
a conservative estimate. We have investigated this lag phenom-
enon through a mechanistic model as follow-up work (T.S.M.
and K.L.J.P., unpublished data).
DISCUSSION
We engineered the substrate specificity of galactose 6-oxidase
for higher activity on glucose by modifying the side chains that
bind to and recognize galactose to interact instead with glucose,
while preserving the wild-type catalytic side chains critical for the
alcohol-to-aldehyde conversion. The design started by docking
glucose in a catalytically relevant initial conformation, in which its1310 Chemistry & Biology 17, 1306–1315, December 22, 2010 ª2010C-6 hydroxyl completes a five-membered, near-planar transition
state with the active-site Cu2+ and Y272 oxygen radical (Fig-
ure S5) (Wachter and Branchaud, 1996; Whittaker, 2003).
Next, 12 potential glucose-recognition residues were mutated
in silico, optimizing the stability of the enzyme-glucose complex.
The variants with the lowest predicted enzyme-glucose interac-
tion energies were encoded in a defined-sequence library that
included many of the predicted favorable combinations of muta-
tions and excluded unfavorable combinations, and used large
sets of defined-sequence oligonucleotides to encode such
focused diversity. A control library was based on the same
computational prediction, but it combined independently diver-
sified single positions, without regard for correlations between
positions, and used degenerate nucleotides as the source of
diversity.
We found that the defined-sequence library, which incorpo-
rated predicted favorable amino acid identities at single posi-
tions as well as predicted favorable inter-residue correlations,
had an approximately 400-fold higher hit rate than the degen-
erate nucleotide library, which contained some unfavorable
amino acid identities at single positions and no predicted
favorable correlational constraints (Table 2). In addition, all
the highly active, improved enzymes that were identified in the
screen originated in the defined-sequence library (Table 3). The
superiority of focused, correlationally informed library diversity
was further demonstrated when hit rates were compared
between those variants from the defined-sequence library that
conformed to the library design and those that did not, due to
the imperfect physical library constructionmethod. For example,
18% of enzyme variants in the assembled defined-sequence
library (or, more relevantly, 24% of those clones encoding full-
length open reading frames) contained a crossover, where
combinations of mutations that were not predicted to be favor-
able appeared in the same clone. In contrast, none of the 11
improved clones isolated after stringent screening containedElsevier Ltd All rights reserved
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percentage of clones with a crossover dropped monotonically:
24% in the full-length library, 13% in the first-round 402 hits,
3% in the 61 strong hits, and 0% in the top 11 strongest hits.
Similarly, 24% of enzyme variants in the assembled defined-
sequence library contained at least one mutation that was not
predicted to be favorable, but none of the 11 improved clones
isolated after stringent screening contained such a random
mutation. Together, these observations validate the utility of
computationally designed libraries in general and of libraries
incorporating information about both single-position prefer-
ences and preferred correlations between different positions in
an enzyme in particular. Whereas the data described here are
not sufficient to estimate the exact contribution of encoded
single-position preferences versus encoded preferred inter-
residue correlations to the success of our designed library, the
observation that the hits screened under the greatest stringency
conform to both types of designs suggests that both were
selected for, i.e., that both types of design contributed to the
high hit rate of the designed library.
The benefit of using this type of designed library can also be
illustrated by the efficient sampling of the theoretical sequence
space by our screen-limited physical library size, 104. Traditional
saturation mutagenesis (e.g., using NNK or NNS degenerate
codons) would have been limited to diversifying only three posi-
tions, generating 32,768 (323) DNA sequences and 8,000 (203)
unique amino acid sequences. For example, the previous work
by Arnold and coworkers (Sun et al., 2002), which yielded the
enzyme variant M-RQW with weak glucose 6-oxidase activity,
required three successive rounds of saturation mutagenesis
and screening to isolate single or double-beneficial mutations,
which were then combined to create M-RQW. In contrast, our
designed, defined-sequence library enabled a more successful
search through mutations at 12 enzyme positions simulta-
neously in just one round of diversification and screening.
Methods to efficiently search multiple positions simulta-
neously are valuable not only because there are many enzyme
positions at which mutations can improve activity but also
because a sequential search of only three positions at a time
can become trapped in local minima in the sequence-function
landscape. In using the best enzyme variant from one round of
screening as the input to the next round of searching other
positions, mutations identified in earlier screens become locked
in, even if they are not as beneficial as other combinations of
yet-to-be found mutations. For instance the W290F mutation
was isolated early in the previous work and was combined with
two mutations identified from a separate screen to generate
M-RQW (Sun et al., 2002). However, we find theW290Fmutation
in only one of our 11 top hits, and our most active variant, Des3-
2, retains wild-type W290. Although our approach does not
ensure that a global minimum is reached, the ability to screen
mutations in combination facilitates sampling of a greater
fraction of the energy landscape, possibly arriving at a local
minimum representative of a deeper energy well.
The only consensus mutation in our top 11 enzymes is R330K
(Table 3), which is also found in the weakly active variant from the
combinatorial library (Com1-1) and in M-RQW. After the first
round of designed-library screening, 98% of hits had a mutation
at R330, with 48%mutated to lysine (Figure 3). According to ourChemistry & Biology 17, 1306–131models, the R330K mutation replaces an arginine that makes bi-
dentate hydrogen bonds to the C-3 and C-4 hydroxyls of galac-
tose, with a lysine that makes a hydrogen bond to the C-3
hydroxyl of glucose. The mutation allows glucose to dock in
a slightly twisted orientation, thus relieving the clash that would
have existed between Y495 and its equatorial C-4 hydroxyl,
which moved due to the stereochemistry change from galactose
(Figure 1). There are two major effects of this twist: the planarity
of the five-membered transition state is decreased; and the other
enzyme-glucose hydrogen bonds are distorted (Figures 1 and
S5). We find that our top enzymes regain substrate recognition
through additional mutations. For instance, Y329 is mutated in
nine of the 11 top enzymes, either to arginine or lysine, potentially
making a new hydrogen bond to the glucose C-1 hydroxyl. The
mutation Q326E occurs in eight of these nine variants, potentially
forming a salt bridge with the arginine/lysine to stabilize the
enzyme. Mutations at Q406 and P463 are predicted to modify
hydrogen bonding to the C-2 and C-3 hydroxyls, and although
these mutations are not necessary for glucose activity (they
remain wild-type in Des3-2), they are more often mutated in vari-
ants with improved glucose activity relative to galactose activity.
Our enzyme variant Des3-2 exhibits at least 4-fold improved
activity on glucose over M-RQW, and approximately 400-fold
improved activity over wild-type (Sun et al., 2002). Nevertheless,
Des3-2 remains more active on the native substrate, galactose,
and its activity on glucose is still 2000-fold lower than the activity
of wild-type galactose 6-oxidase on galactose, suggesting that
it is still insufficiently active for use in a designed metabolic
pathway. We speculate that the desired specificity switch is
particularly challenging because the inherent clash between
the glucose C-4 hydroxyl and Y495 can only be relieved by
mutating or repositioning Y495, which would disrupt catalysis
due to its role in stabilizing the active-site Cu2+ ion, or by docking
glucose in a twisted conformation, which decreases transition
state planarity and likely contributes significantly to decreased
catalytic efficiency. Thus, additional computational or experi-
mental approaches may be required to achieve further increases
in enzyme activity.
SIGNIFICANCE
Combining computational protein design with library-based
screening is an attractive protein-engineering strategy that
can, in principle, yield the best of both approaches to rapidly
generate novel enzymes. Although others have shown that
libraries based on computationally designed mutations
can be an improvement over site-saturation mutagenesis
or random mutations (Voigt et al., 2001; Hayes et al., 2002;
Amin et al., 2004; Socolich et al., 2005; Otey et al., 2006;
Fox et al., 2007; Liao et al., 2007; Treynor et al., 2007; Barde-
ras et al., 2008), previous methods fail to take full advantage
of information from design, generating libraries in a posi-
tion-independent manner and excluding all correlations
between protein positions. We have gone a step further to
show that defined-sequence libraries that incorporate some
designed amino acid combinations in addition to single-
position preferences can further improve hit rates and
reduce screening efforts. To our knowledge, our defined-
sequence approach is the first method for computational5, December 22, 2010 ª2010 Elsevier Ltd All rights reserved 1311
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Enzyme Specificity by Computational Library Designlibrary design to encode inter-residue correlations of amino
acids into the physical library, i.e., to include in the physical
library combinations of amino acids that are predicted to be
favorable and to exclude combinations that are predicted
to be unfavorable. By encoding both single-position prefer-
ences and inter-residue correlations between positions
close in primary sequence, we were able to engineer an
improved glucose 6-oxidase enzyme in just one round of
diversification and screening. Our experimental screening
effort was at least two orders of magnitude more efficient
than the control screening effort, which used focused redun-
dant nucleotide mixes in library construction. This approach
to library design and construction should facilitate the engi-
neering of enzymes with new activities and specificities,
which we expect will be particularly useful for providing
components for creating new biosynthetic pathways.EXPERIMENTAL PROCEDURES
Computational Modeling and Design
Preparation of Wild-Type Structure
The crystal structure of galactose 6-oxidase, 1GOF (Ito et al., 1991), was
prepared for computational modeling in the Schro¨dinger software suite
(Schro¨dinger, LLC, New York, NY, USA). Acetate ion 703 at the active site
was removed, leaving the crystallographic copper ion. Solvent-exposed
waters were removed, retaining 73 of 316 crystallographic waters, including
eight waters within 8 A˚ of the copper ion and 13 within 10 A˚. Acetate ion 701
and sodium ion 702 were retained, although each are far from the active
site. The C228-Y272 covalent crosslink was formed; the side-chain oxygen
of Y495 was deprotonated; the copper ion charge was set to +2; and the
side-chain oxygen of Y272 was changed to fluorine to approximate an oxygen
radical (both are neutral and electronegative).
The Schro¨dinger Protein Preparation Wizard (version 2007) was used to
assign bond orders, add hydrogens, treat metals, detect disulfide bonds,
exhaustively search histidine, asparagine, and glutamine side chains for
protonation state and terminal-dihedral rotation (due to ambiguity in crystal
structures between C, N, and O atoms), and sample water orientations.
Next, all water molecules were minimized using MacroModel (version 9.5),
and then Prime (version 1.6) was used to refine the side chains of W290,
Q326, Y329, R330, and Q406. The RMSD over the side-chain atoms of these
five residues was 0.81 A˚ due to a flip of the terminal dihedral of Q326 and less
than 30 rotations in c2 and c3 of Q406.
Docking Galactose into Active Site of Wild-Type
Schro¨dinger software was next used to dock a fully flexible galactose into
a rigidly held active site of galactose oxidase. First, galactose was generated
(in isolation) in a default conformation, and MacroModel mixed torsional/low-
frequency-mode conformational search was used to explore different ring
structures and torsional angles. One thousand structures were generated,
yielding 429 unique conformations. The lowest-energy conformation of galac-
tose was selected, a version of ‘‘chair.’’
Next, Glide (version 4.5) was used to generate a receptor grid for the
prepared wild-type structure. The docking site was defined as a box centered
at a point in the active site (cartesian coordinates: 37 A˚, 8 A˚, 17 A˚), approxi-
mately 3 A˚ from each of: Cu2+, Y495 deprotonated oxygen, W290 amine
hydrogen, Y405 hydroxyl hydrogen, and Y272 oxygen radical (modeled as
a fluorine). The box size was set to accommodate ligands with length up to
12 A˚.
The standard precision (SP) mode of Glide ligand docking was used. The
lowest-energy galactose conformation was used as input, although the ligand
was fully flexible during docking, including sampling of ring conformations.
Up to 100 poses underwent post-docking minimization with strain-correction
terms applied. The pose with the best docking score, ‘‘gscore’’ (5.47), is also
the pose with the best ‘‘emodel’’ score (41.76); its ‘‘einternal’’ score is 0.69.
The docked conformation is as expected: the oxygen of the C-6 hydroxyl
is coordinated with the Cu2+ at 2.4 A˚, and the five atoms of transition state1312 Chemistry & Biology 17, 1306–1315, December 22, 2010 ª2010(O radical, Cu2+, C6O, C6C, C6H) are mostly planar (dihedral values: 3.9
,
14.5, 18.4, 15.1, 3.0).
Docking Glucose into Active Site of a Known Variant
An approximate model of glucose docked in a known glucose 6-oxidase
variant was generated to provide an initial conformation of glucose in the active
site, which was then varied during enzyme redesign. A model of enzyme
variant M-RQWY (US patent 7,220,563), with mutations W290F, Y329R,
R330K, and Q406T, was generated with the mutated side chains in default
conformations and then Prime side-chain refinement was applied to residues
290, 326, 329, 330, and 406. Receptor grid generation and docking of glucose
followed the same procedures as above for galactose. The pose with the best
gscore (4.73), with emodel of 22.76 and einternal of 10.07, does not have
C-6 at the active site. Instead, the pose with the best emodel (33.45) has
the native-like expected conformation, with gscore of 4.41 and einternal of
1.35.
Enzyme Redesign
Version 2.2.0 of the Rosetta software suite (Rosetta Commons, UW Tech-
Transfer, Seattle, WA, USA) was used to redesign the active-site side chains
of galactose 6-oxidase to interact with glucose (Meiler and Baker, 2006).
(Updated versions of the software are now available with enhanced capabil-
ities; Kaufmann et al. [2010].) First, the Schro¨dinger-prepared wild-type struc-
ture was modified to conform to Rosetta as follows. The active-site Cu2+ was
changed to a water oxygen because the metal ion could not be held fixed
while the galactose or glucose ligand was docked. The deprotonated Y495
was modeled as a hydroxyl with its hydrogen pointed away from galactose
(C-O-H angle = 72; C-C-O-H dihedral = 90). The Y272 oxygen radical
was modeled as a hydroxyl with its hydrogen pointed away from galactose
(C-O-H angle = 72; C-C-O-H dihedral = 0). The C228-Y272 crosslink was
modeled as a standard-free cysteine and tyrosine, maintaining the same
heavy-atom conformations but with overlapping hydrogens. These approxi-
mations were acceptable because the clashing atoms and poor bond geom-
etries were held constant during design, maintaining an unfavorable but
constant energy from wild-type to enzyme variants, and the parts of the amino
acids that faced the active site presented the correct or similar chemical func-
tionalities. In addition, all histidines were changed to one of two neutral tauto-
mers, and the acetate and sodium ion were removed; these changes were
acceptable because they occurred far from the active site and did not affect
active-site conformations or energies. Finally, galactose and glucose were
parameterized with the following atom types: the five ring carbons (C1–C5) =
CH1; one hydroxyl carbon (C6) = CH2; six oxygens = OH; five hydroxyl hydro-
gens = Hpol; and seven nonpolar hydrogens = Hapo.
Galactose 6-oxidase was redesigned to interact with glucose using a
protocol that sampled mutations and side-chain conformations at the 12
selected active-site positions and sampled variations in the translation and
rotation of the docked glucose. Backbone atoms, non-designed side chains,
and the internal conformations of glucose were held fixed. The initial glucose
conformation fromwhich perturbations were made was taken from the prelim-
inary docking of glucose into M-RQWY; the protein side-chain conformations
were unused. Two designs were executed in parallel, with and without water
39 removed from the input structure. The simulated annealing procedure
was modified to anneal to a higher temperature (‘‘lowtemp,’’ which represents
kT, was changed in SimAnnealerBase.cc from 0.3 to 30.0 Rosetta energy
units) to access a larger space of low-energy results and a greater variety
of designed sequences, rather than to aim for the one lowest-energy
sequence-structure combination. We found that this modification produced
results in which the lowest-found energy was as low as that from an unmodi-
fied design, while greatly expanding the diversity of designed sequences in
total. In addition, wild-type galactose 6-oxidasewas redesigned around galac-
tose, and M-RQWY was redesigned around glucose as controls.
One of the 12 design positions, W290, contributes both to recognition,
through a hydrogen bond to the substrate ring oxygen, and to catalysis, due
to its ring stacking on residues C228-Y272. The published W290H mutation,
which makes a similar hydrogen bond to substrate in our models, slightly
improves Km in galactose 6-oxidase but greatly decreases kcat (Rogers
et al., 2007). To avoid a catalytically disruptive mutation at position 290, the
designed library was constrained to either the wild-type Trp or to Phe, a muta-
tion predicted to accommodate glucose and previously shown to support
catalysis (Sun et al., 2002; Rogers et al., 2007). After preliminary designsElsevier Ltd All rights reserved
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constrain all other positions), design position W290 was limited to only W or
F amino acids for final designs.
The command-line options to Rosetta were: -s input.pdb -design -ligand
-fixbb -design_dock -dock_pert 0.2 0.2 5 -resfile resfile -read_all_chains
-termini -find_disulf -use_input_sc -ex1 -ex2 -ex3 -ex4 -exOH -extrachi_cutoff
1 -try_both_his_tautomers -no_optH -read_hetero_h2o -use_electrostatic_
repulsion -pdbout output -output_pdb_gz -profile -write_interaction_graph
-ig_file igfile -ndruns 10000. This produced an 837 MB igfile and designed
with 24,402 rotamers.
Each output structure contains intra-protein scores (stability) and protein-
ligand interaction scores (binding). Furthermore, stability and binding are
each composed of subterms such as van der Waals packing interactions,
solvation, and hydrogen bonding. When multiple conformations of the same
amino acid sequence were found, the conformation with the most favorable
total stability was kept. From the 10,000 outputs from each of the two designs,
1,469 and 1,372 unique sequences were found, respectively, with 2,379
unique sequences overall.
The sequences with lowest total energy were highly mutated and unusual,
e.g., exhibiting excess charged residues compared to typical proteins. Addi-
tional scores were calculated for each sequence based on physically related
terms for comparison to the controls. The following five scores (and their
components in parentheses) were defined: Stabilitytotal (bk_tot); StabilityvdW
(fa_atr + fa_rep); Stabilityelec (hb_srbb + hb_lrbb + fa_sol + fa_h2o_sol +
gb_elec + fa_h2o + fa_h2o_hb + hb_sc); BindingvdW (lig_rep + lig_atr); and
Bindingelec (lig_sol + lig_cou + lig_hb). The output sequences were filtered
based on the following five criteria (with the score from the M-RQWY-glucose
control shown in parentheses): Stabilitytotal <1132 (1133.19); StabilityvdW <
1609 (1610.98); Stabilityelec < 230 (227.28); BindingvdW < 4 (6.14); and
Bindingelec < 2 (3.84).
Modeling Enzyme Variants with Docked Glucose
Models of experimentally characterized enzyme variants with docked glucose
were generated using Schro¨dinger software. Because side-chain and glucose
conformations are codependent, but Glide docking requires a fixed receptor
conformation, an iterative procedure was applied with side-chain modeling
followed by glucose docking and repeated side-chain refinement and docking.
Multiple candidate conformations of docked glucose were carried forward in
parallel.
In the final round of side-chain modeling and ligand re-docking, six related,
candidate conformations of docked glucose, generated from preliminary
modeling, were added to each active site, and Prime side-chain prediction
was used to refine the following active-site atoms of each enzyme-glucose
pair: side chains of positions 194, 290, 326, 329, 330, 383, 406, 407, 441,
463, and 464; waters 2, 39, 49, and 51; and glucose. Select side-chain
torsional angles were modified by hand, energies were recalculated with
Prime, and conformations with decreased Prime energy were retained.
The refined atoms were then minimized in Prime.
Glide receptor grids were generated with a positional constraint (a 2.6 A˚
sphere centered at the Cu2+ ion) to force the C-6 hydroxyl to the catalytic resi-
dues during docking. Docking was performed with no ligand-atom scaling and
a positional constraint to pin the C-6 hydroxyl oxygen to the Cu2+ ion (custom
feature: atom 1 of [O][C;H2]); constraint satisfaction was tested only after
docking. Outputs from docking were clustered with a modified RMS deviation
of 0.05 A˚. The best structure for each enzyme variant was selected based on
combined best emodel and einternal scores.
Strains, Growth Media, and Plasmids
E. coli strain DH10B [F mcrA D(mrr-hsdRMS-mcrBC) f80lacZDM15 DlacX74
recA1 endA1 araD139 D(ara, leu)7697 galU galK l- rpsL (StrR) nupG] was used
for all molecular biology manipulations and as host for the library screening.
BL21 Star (DE3) [F ompT hsdSB (rB
mB
) gal dcm rne131 (DE3)] was used
as host for expression of pET21b (Novagen, Madison, WI, USA). Competent
cells of both strains were purchased from Invitrogen Corporation (Carlsbad,
CA, USA). Cultures were propagated in Luria-Bertani (LB). All molecular
biology manipulations were performed according to standard practices
(Sambrook and Russell, 2001). The galactose oxidase amino acid sequence
described throughout as ‘‘wild-type’’ is the A3.E7 variant, previously evolved
for improved stability and expression efficiency in E. coli (Sun et al., 2001).Chemistry & Biology 17, 1306–131Synthesis of DNA Libraries
The wild-type gene was split into N- and C-terminal constant regions and an
internal variable region containing the 12 designed positions (Figure 2). The
base construct comprised the constant regions and an internal stuffer with
type IIS AarI sites (underlined) to excise the stuffer: [XbaI]-ATG-[codons
1–280]-CATGGCAGGTG-[SalI]-[NotI]-[XhoI]-CACCTGCCATG-[codons 473–
639]-TAA-[HindIII]. The base construct was synthesized in pUC19 using
Codon Devices’ PCR-assembly methods and error-correction technology
(Carr et al., 2004), subcloned into the pTrc99A expression vector, and
sequence verified.
The variable, library region of the gene was constructed by PCR-based
assembly of 18 partially overlapping oligonucleotides (Tian et al., 2004).
Subsets of eight and ten oligonucleotides, or segments, were first assembled
and then the two subassemblies were combined. The 12 designed positions
were excluded from the overlaps between the 18 segments. The average
segment length was 58.9 base pairs, with a minimum of 29 base pairs and
maximum of 124 base pairs. The entire assembly was flanked by AarI sites
oriented to be excised upon cleavage and generate four-base overhangs
compatible with the similarly linearized base construct. Infusion-cloning tags
were also included for an alternate, unused cloning strategy. The assembled
sequence, GACGGCCAGT-[EcoRI]-CACCTGCCATGAGAC-[codons 281–
472]-CCTGGTACGCAGGTGCCTGA-[BamHI]-TCTAGAGTCG, was 643 base
pairs in length, becoming 584 base pairs (including overhangs) after AarI
cleavage.
For the designed library, pairs of forward and reverse-complementary oligo-
nucleotides (2 + 48 + 14 + 8 = 72 total pairs, which create 10,752 combinations)
were mixed to form duplexes, and 10 mM of each duplex was error corrected
by incubatingwithMutS (6 mg/ml) at 60C for 20min and flowing through a nitro-
cellulose filter (Carr et al., 2004; Lipovsek et al., 2009). Separate oligonucleo-
tides encoding each designed amino acid combination were independently
duplexed and filtered and then mixed equimolar. For the combinatorial library,
a single oligonucleotide was used for each of the four variable segments.
At each designed position a degenerate codon was chosen to encode all of
the designed amino acids while minimizing the number of stop codons and
non-designed amino acids and avoiding all rare codons for E. coli expression.
Each library was inserted into the base construct by restriction cloning and
transformed into DH10B.
Sequence Validation of Libraries
Clones from the combinatorial and designed libraries, 288 each, were
sequenced with forward and reverse primers reading from the base construct
into the inserted variable region. Sequencing traces were called with Phred
(Ewing et al., 1998) and aligned using NCBI BLAST to the wild-type sequence
and separately to each construction oligonucleotide. The forward and reverse
reads of each clone were merged with the BLAST alignments, adding the
Phred quality values if the two reads agreed and using the higher-scoring value
if they did not. Positions with Phred score determined in this matter of 15 or
greater were considered ‘‘high-quality’’ positions; clones with all positions of
‘‘high-quality’’ were subjected to further analysis. BLAST alignments to the
construction oligonucleotides were used to identify nucleotide substitutions
in the variable regions, and alignments to the wild-type sequence were used
to identify nucleotide substitutions in the constant regions.
For the designed library, nucleotide substitutions at designed positions
within a single construction oligonucleotide were classified as crossover if
a perfect match for the clone sequence could be found by the in silico recom-
bination of any pair of construction oligonucleotides across any 12 shared
nucleotides. This method of determining crossover is conservative in that it
does not allow for multiple recombinations or for recombination plus mutation
in the same construction oligonucleotide.
Library Screening and Characterization of Top Hits
Detailed experimental methods are described in the Supplemental Experi-
mental Procedures. Library screening and activity assays were based on
a colorimetric method that detects hydrogen peroxide generation during catal-
ysis (Baron et al., 1994). Single colonies were inoculated into 96-well deep-well
microplates (2 ml well volume, VWR) containing 1 ml LB and 0.1 mg/ml carbe-
nicillin. Cell lysates were mixed with horseradish peroxidase (Sigma-Aldrich),
ABTS (2,20-azino-bis[3-ethylbenzothiazoline-6-sulfonic acid]; Sigma-Aldrich),5, December 22, 2010 ª2010 Elsevier Ltd All rights reserved 1313
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Hits were identified after 24, 6, or 0.5 hr of incubation at room temperature for
the first, second, and third rounds of screening, respectively.
The ten unique top hits (Des3-8, a duplicate of Des3-1, was excluded), the
next-best hit (Des3-5), wild-type, and M-RQW were subcloned into the 63
His-tag-containing pET21b and transformed into BL21 Star (DE3). Proteins
were purified using the ProBond Purification System (Invitrogen) and each
ran as a single band with the expected molecular weight (70 kDa). Protein
concentrations were measured using sandwich ELISA against the T7 and
hexahistidine tags. The rate-substrate-concentration curves do not exhibit
typical saturation behavior up to the practical solubility limit of glucose
(0.8 M) and galactose (0.4 M), implying that the Km values are on the order of
molar and are impractical to measure. Instead, the kcat/Km ratio was deter-
mined from the slope of the specific activity-substrate-concentration curve,
assuming that Km is much greater than the substrate concentration (glucose:
4–300 mM; galactose: 2–70 mM).
SUPPLEMENTAL INFORMATION
Supplemental Information includes Supplemental Experimental Procedures,
five figures, and five tables and can be found with this article online at
doi:10.1016/j.chembiol.2010.10.012.
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